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Abstract 
Energy production and distributing have critical importance for all countries especially developing countries. Studies 
about energy consumption, distributing and planning have much importance at the present day. In order to manage 
any power plant or take precautions about energy subject, many kinds of observations are used for short, mid and 
long term forecasting. Especially long term forecasting is in need to plan and carry on future energy demand and 
investment such as size of energy plant and location. Long term forecasting often includes power consumption data 
for past years, national incoming per year, rates of civilization, increasing population rates and moreover economical 
parameters. Long term forecasting data vary from one month to several years. Some of the forecasting models use 
mathematical formulas and statistical models such as correlation and regression models. In this study, artificial 
intelligence is used to forecast long term energy demand. Artificial intelligences are widely used for engineering 
problems to solve and obtain valid solutions. Adaptive neural fuzzy inference system is one of the most famous 
artificial intelligence methods and has been widely used in literature. In addition to numerical inputs, Adaptive neural 
fuzzy inference system has linguistics inputs such as good, bad and ugly. Adaptive neural fuzzy inference system is 
used to obtain long term forecasting results and the results are compared to mathematical methods to show validity 
and error levels. In order to show error levels, mean absolute error and mean absolute error percentage are used. 
Mean absolute error and mean absolute error percentages are very common and practical methods in literature. The 
obtained error results, from 2003 to 2025, mean absolute error and mean absolute percentage error are 1.504313 and 
0.82439, respectively. Success of Adaptive neural fuzzy inference system for energy demand forecasting is 99.17%.  
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1. Introduction 
Energy transitions are defined as; investments in possibly cleaner technologies to replace and expand 
the depreciating capital stock to meet growing energy demand. When considered a longer time horizon, 
significant changes in energy technologies and consumption could be observed [1]. Electricity energy is a 
vital input for technical, social and economic development of a country. Therefore, the identification and 
analysis of energy issues and development of energy policy options are of prime importance [2].  Power 
load forecasting can be divided into load forecasting and electrical consumption forecasting according to 
forecasting matter. Based on different forecast time, it can be divided into long-term, mid-term and short-
term forecasting. Short-term, mid-term and long-term load forecasts range from an hour to one week, one 
month to one year and one year to decades, respectively. 
From short-term load forecasting used in the daily unit allocations, to mid-term load forecasting used 
for fuel budgeting, and to the long-term load forecasting used for resource planning and utility expansion, 
a wide variety of techniques have been proposed in the last 30 years [3].  
The studies on electrical load forecasting of Turkey began at 1960s. In Turkey, energy consumption 
projections are made by Ministry of Energy and Natural Resources of Turkey (MENR). Since 1984, 
MENR prepares energy demand forecasts by using Model for Analysis of Energy Demand (MAED) 
simulation technique. MAED requires several types of data related to social, economical and 
demographical structure of country. However, the governments may tend to use target values of data that 
mentioned former statement instead of estimated values. For this reason, it is stated in a number of studies 
that forecast values founded by MAED technique are higher than real values. In order to achieve lower 
forecast error, utilizing different techniques based on direct observation values, instead of scenario-based 
techniques like MAED, will be useful [4].  
Artificial intelligence is widely used for nonlinear problems in many engineering such as computing, 
structure, medical electronics [5-7]. Artificial intelligence often generates simple solution for difficult 
problems based on experience without using equations, formulas and derivatives.  
The use of neural networks is nowadays an alternative method that is becoming an efficient technique 
to solve the electric load forecasting problem. There are researches that treat this problem using the back-
propagation algorithm. This algorithm is considered on the specialized literature a benchmark in precision. 
However, the convergence is slow, although there are some adaptations to improve the performance. 
Therefore, the idea is to use a neural network that combines good results with a faster processing [8].  
Neuro-fuzzy modeling refers to the way of applying various learning techniques developed in the 
neural network literature to fuzzy modeling or a fuzzy inference system (FIS). Neuro-fuzzy system, which 
combines neural networks and fuzzy logic have recently gained a lot of interest in research and 
application. A specific approach in neuro-fuzzy development is the adaptive neuro-fuzzy inference system 
(ANFIS), which has shown significant results in modeling nonlinear functions [9]. 
In this study, ANFIS is used to solve long term forecasting problem for energy demand from 2003 to 
2025. 
2. Material and Methods 
Long term forecasting is one of the famous subjects in energy demands problems. Many kinds of 
observations and background data can be used for long term data structure. Carrying on energy demands 
in long term, energy demands and power plant location size of plant are very important and must be 
decided taking care of many variables. In this study, ANFIS is used to forecast long term energy demands 
up to 2025. Used data includes population, reached maximum power demand in an hour and total energy 
level given in giga-watt hours (GWh). The estimations for energy demands for future years covering all 
country were implemented using the projections of official distributing energy service called Turkey 
Electric Transmission Company (TEIAS) cover all country which is naming [10].   
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2.1. Data Structure and Data Arranging  
Raw data set has four features and 27 attributes. Features of data set are population, peak energy level 
in an hour per year and total observed or guessed official energy demand per year as GWh. Raw data 
were re-generated on time axis as six years attributes. Windowed data structure includes past four years, 
present year and future year. After arranging data set new structure turned into 17x23 attributes. Table 1 
shows raw data structure. From the table, past year energy demand was written as observed data and 
future year energy demand written and used as official government guessed energy demand through the 
years.  
Table 1. Raw data structure and data features 
Years Peak load Population Incoming Energy demand
1999 18.938 63.366 1.071 118.485 
2000 19.39 64.259 1.127 128.276 
… ... ... ... ... 
2009 30.982 71.897 1.498 200.137 
2010 31.373 72.698 1.501 202.368 
… ... ... ... ... 
2025 68.547 83.566 2.905 335.225 
 
After arranging the data, although data structure gets larger, estimation capability can be improved by 
converting data for ANFIS [11]. Converted data structure includes six years packages as five years 
backwards data and next year energy demand as target. Target is next year of the energy demand as GWh.   
2.2. Adaptive Neural Fuzzy Inference System 
ANFIS is a very common and widely used artificial intelligence technique in literature. This method 
covers advantages of Fuzzy Logic and Artificial Neural Networks in same structure. Although Neural 
Network (NN) has powerful learning ability, Fuzzy structure has strong inference system and has no 
learning ability. In contrary, ANFIS merges these two desired features in the same topology.  ANFIS was 
presented by R.Yang in 1993 [12]. ANFIS is widely used in engineering applications for solving many 
kinds of nonlinear problems. [13-15]. For Sugeno type, ANFIS structure be explained in five stages. 
Stage 1: This layer can be called as fuzzification layer. Used parameters in this stage is called premise 
parameters and re-arranged according to output error in every loop. These parameters are membership 
grades of a fuzzy set and input parameters in this layer. 
Stage 2: A fixed node labeled ∏ whose output is the product of all the incoming signals can be 
computed. Every output of the stage 2 affects the triggering level of the rule in the next stage. Trigger 
level is called firing strength and ∏ norm operator is called AND operator in fuzzy system. 
Stage 3:  This layer is called as normalization layer. For this layer, all firing strengths are re-arranged 
again by considering own weights.  
Stage 4: Defuzzication, this layer is a preliminary calculation of the output for real world. This layer 
has adaptive nodes and it is expressed as functions and if ANFIS model is Sugeno type then is valid 
calculation styles turn to linear approach. This type is called first order Sugeno type [16].  
Stage 5: Summation neuron; this layer is a fixed node, which computes the overall output as the 
summation of all incoming signals. ANFIS Learning Ability; ANFIS has two times error correction 
ability in one loop. This correction is processed backwards and forward. For backward correction, the 
Bayram Akdemir and Nurettin \’c7etinkaya\ / Energy Procedia 14 (2012) 794 – 799 7974 Bayram Akdemir and Nurettin Çetinkaya / Energy Procedia 00 (2011) 000–000 
 
antecedent parameters are tuned while the consequent parameters are kept fixed. Least square estimator 
arranges the parameters to minimize the squared error. 
In this study, data set is not normalized to obtain real response from ANFIS structure. Natural 
condition of data set has been kept and low ANFIS rule structure was employed to obtain fast response. 
ANFIS setting are configured as range of influence 0.9, squash factor 5, reject ratio 0.25, and accept ratio 
is 0.6. Range of influence and squash factor are increased to obtain low level ANFIS rule structure and to 
decrease training cycles.   
2.3. Performance Measuring and Testing  
Performance measuring is a way to compare and present for any implementation. Every measurement 
method has its own characteristic and implementation method. Mean absolute error and mean absolute 
error percentage are among the most famous methods to measure success of any implementation [17-19].  
• Mean absolute Error: Mean absolute error is one of the simplest ways to evaluate any success and 
depends on mean of difference among observations and real values [20-21]. Mean absolute error is 
calculated by Equation 1. 
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where xim is the ith measured value and xip is the forecasted value.   
• Mean absolute percentage error: Some conditions require small numbers and small quantities. In this 
case mean absolute error and its derivatives may lead to misunderstanding or may not explain correctly.  
Mean absolute percentage error is used to support mean absolute error results. Mean absolute error 
percentage, given in Equation 2, has no unit and very common in energy forecasting applications [22-
24].  
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where xim is the ith measured value and xip is the forecasted value.   
3. Proposed Method Implementation and Results  
Long term forecasting data structure and ANFIS are used to forecast energy demand and tested up to 
2025. Data set is windowed in six parts. Created new data set via windowing is performed by ANFIS as 
training and testing. The obtained mean absolute error and mean absolute error percentage for the testing 
values for forecasting and forecasting results are graphed in 3-D in Figure 1a and Figure 1b. From Figure 
1a, forecasted and real energy demand values are close to each other and have same slope through the 
years. Error levels for mean absolute error and mean absolute error percentage are shown in Figure 1b. 
Especially for the future years, error levels are decreasing for MAE and MAPE too.  
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Fig. 1. (a) Forecasted and real energy demands through the years; (b) Test and train errors as MAPE 
 
Characteristics of errors are listed in Table 2. Maximum error is obtained as 6.8174 GWh for year of 
2009 and minimum error is obtained as 0.00000347 GWh for year of 2007. For future forecasting, ANFIS 
has very accurate forecasting results. For future, ANFIS has just negligible error 0.81163829 GWh as 
MAE and it appears 0.373457789%   as MAPE from 2010 to 2025.   
Table 2. Obtained results from ANFIS as MAE and MAPE 
 For Past Years For Future Years 
 MAE MAPE MAE MAPE 
Max 6.8174 (2009) 3.752 (2003) 1.4492  (2011) 3.0086 (2011) 
Min 0.4652 (2007) 0.2442 (2007) 3.47E-06 (2007) 1.03E-05 (2007) 
Average 3.0875 1.8550 0.81163829 0.373457789 
Total Average MAPE: 0.82439                                  MAE: 1.504313 
 
4. Conclusion 
Long term forecasting is one of the most famous energy problems in literature and has no linear 
correlation among the input variables. In this study, ANFIS is used to evaluate real energy demand 
through the years as long term forecasting. Proposed method was implemented based on ANFIS and 
backwards data were created and extended. Data structure was windowed as six parts from last four years, 
present year and future year. After data turned into new time series structure, ANFIS is used for 
evaluation. ANFIS has low error level especially for the future years forecasting. Average forecasting 
error is 1.504313 GWh, although energy demands vary from 118.485 to 335.225 GWh. Considering the 
results obtained in this study, we can say that it is possible to use the proposed forecasting method for 
long term energy demand. 
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